This paper describes a computer-aided diagnosis (CAD) method to classify pneumoconiosis on HRCT images. In Japan, the pneumoconiosis is divided into 4 types according to the density of nodules: Type 1 (no nodules), Type 2 (few small nodules), Type 3-a (numerous small nodules) and Type 3-b (numerous small nodules and presence of large nodules). Because most pneumoconiotic nodules are small-sized and irregular-shape, only few nodules can be detected by conventional nodule extraction methods, which would affect the classification of pneumoconiosis. To improve the performance of nodule extraction, we proposed a filter based on analysis the eigenvalues of Hessian matrix. The classification of pneumoconiosis is performed in the following steps: Firstly the large-sized nodules were extracted and cases of type 3-b were recognized. Secondly, for the rest cases, the small nodules were detected and false positives were eliminated. Thirdly we adopted a bag-of-features-based method to generate input vectors for a support vector machine (SVM) classifier. Finally cases of type 1,2 and 3-a were classified. The proposed method was evaluated on 175 HRCT scans of 112 subjects. The average accuracy of classification is 90.6%. Experimental result shows that our method would be helpful to classify pneumoconiosis on HRCT.
Introduction
Pneumoconiosis refers to a group of occupational diseases caused by inhalation and retention of dust particles in the lung. After years of inhaling dust, the pneumoconiosis would lead to a severe lung function impairment, especially in the smokers. At present there are a large number of pneumoconiosis patients in the developing countries. For example, in China, it is reported that the pneumoconiosis is the most serious occupational diseases and there are 23,812 new cases in 2010 [1] .
According to the criterion made by International Labour Organization (ILO), the pneumoconiosis is diagnosed based on the profusion (severity) of nodular opacities on the chest x-ray (CXR) radiographs. However, it is suggested that the high-resolution computed tomography (HRCT) is better for diagnosis of pneumoconiosis because the HRCT can detect nodules which would be overlapped with ribs and vessels on the CXR radiographs [2] . Because the diagnosis of pneumoconiosis mainly depends on individual radiologists' experiences. The subjective differences may lead misdiagnosis for patients. Additionally, the vast amount of axial images in each HRCT scan place a great burden on radiologists. Therefore, computer-aided diagnosis (CAD) method is required to give a second-opinion and reduce burden for radiologists. Although several CAD schemes utilizing CXRs have been developed over the last two decades [3] - [7] . According to our knowledge, there was no research on CAD of pneumoconiosis on HRCT images. In this research, we proposed a CAD method to classify pneumoconiosis on HRCT images according to Japanese Pneumoconiosis Law. In Japan, the pneumoconiosis is divided into 4 types based on the density and diameter of nodular opacities: Type 1 (no nodules), Type 2 (few small nodules (diameter ≤ 10 mm)), Type 3-a (numerous small nodules) and Type 3-b (numerous small nodules and presence of larger nodules (diameter>10 mm)). Figure 1 illustrates HRCT images of 4 types of pneumoconiosis. Although the main image findings of lung cancer and pneumoconiosis are both pulmonary nodules, the lung cancer of- Copyright c 2013 The Institute of Electronics, Information and Communication Engineers ten appears one single or several solitary pulmonary nodular lesions (SPNs). The pneumoconiosis is typical of diffuse nodular opacities of various sizes and shapes spreading wide regions inside lungs. The required conditions of CAD systems for these are different either. A lung cancer CAD system is focused on locating SPNs and differentiating malignant SPNs from benign ones [9] - [12] . However, the proposed CAD systems of pneumoconiosis is aimed to classify the four types of pneumoconiosis in order to facilitate the diagnosis for radiologists. Considering that the pneumoconiosis of type 3-b and non-3-b (type 1, 2 and 3-a) is diagnosed based on the size of nodules, we recognized the cases in two-steps: 1.Recognizing cases of type 3-b from all scans, 2.Classifying cases of type 1,2 and 3-a from the rest scans. Because numerous pneumoconiotic nodules are small-sized and irregular-shape, only few nodules could be extracted by conventional methods in the CAD systems of pneumoconiosis. It may affect the classification of pneumoconiosis. Therefore, we should adopt a novel filter to detect nodule candidates as many as possible at first, and then eliminate false positives. The proposed method was tested on 175 HRCT scans of 112 different subjects. The scans are divided into two completely independent data sets. The training set including 90 scans is used to train the algorithms and the test set including 85 scans is adopted to evaluate performance of proposed method. There are three main contributions in this study: 1.Developing the first CAD scheme to classify pneumoconiosis on HRCT images; 2.Designing a novel nodule filter according to the characteristic of pneumoconiotic nodules; 3.Adopting a bag-of-features-based method in the classification of pneumoconiosis. The paper is organized as follows. In Sect. 2, we describe the framework of proposed CAD method. The experimental results are given and discussed in Sect. 3. Finally we conclude the paper in Sect. 4. Figure 2 illustrates the framework of the proposed CAD method. Due to the fact that the cases with large-sized nodules are diagnosed as type 3-b, we recognized the cases of type 3-b at first, and then classified the rest cases. Firstly the large-sized nodules were detected from all scans. Secondly the cases of type 3-b were recognized based on the size of nodules. Thirdly the small-sized nodules were extracted from the rest cases. In the fourth place we adopted a bag-of-features-based method to generate input vectors for a support vector machine (SVM) classifier. Finally the cases of type 1,2 and 3-a were classified.
Method

Nodule Extraction
The filters based on analysis of eigenvalues of Hessian matrix have been developed to enhance blob-like objects [11] , [12] . Table 1 summarizes the conditions of eigenvalues in local structures of various shapes, where λ 1 , λ 2 and λ 3 represent the eigenvalues of Hessian matrix (λ 3 ≤ λ 2 ≤ λ 1 ). [11] .
Structures
Eigenvalue condition Nodule
Because of the various conditions of eigenvalues of Hessian matrix, the Hessian-based filter can enhance the nodules while suppress objects of other shapes. In order to enhance the nodules of various scales, the filters are convolved with Gaussian kernels. By adjusting the standard deviation of Gaussian convolution, the objects with specific range of sizes can be enhanced. Sato defined a nodule filter as [11] 
which can be simplified as −λ 1 when γ is fixed to 1, one of preferred value. Figure 3 (a) illustrates the color-code result of nodule enhancement by Sato's filter. The values of standard variation were fixed to 0.6, 1, 1.5 and 2 pixels. When the response increases, the color will gradually change from blue by yellow to red. This method has good performance on discriminating nodules from other tissues, but the response of tiny nodules is as weak as false positives. Figure 3 (b) shows the result of nodule extraction after thresholding. The threshold is called nodular threshold in this paper. Numerous nodules were removed. In [12] Li designed his nodule filter as 
Figure 3 (c) shows the result of nodule enhancement by this filter, and Fig. 3 (d) gives the result of nodule extraction by Li's filter. It can be found that the number of nodules is further decreased after thresholding. The two conventional Hessian-based filters are compared in Fig. 3 (e). It is clearly that the response of Sato's filter descends slower than Li's filter. So the small-sized nodules can be given a stronger response whose magnitude of eigenvalues is relative small, and greater number of nodules can be extracted after thresholding. It can be deduced that the slower descending response is advantageous to detect more pulmonary nodules.
To improve the performance of extracting pneumoconiotic nodules, we firstly obtained nodule-shaped objects as many as possible, then eliminated false positives, i.e. vascular intersections. Considering that the eigenvalues are approximately equal in the nodules' center, we adopted an monotonically increasing function to represent the difference between the eigenvalues λ i and λ j ,
When λ i = λ j , the function comes to its maximum. The output of our nodule filter is defined as the product of differences between (λ 1 , λ 2 ) and (λ 2 , λ 3 ) Figure 4 (a) gives the response of our nodule filter. The less the difference between eigenvalues, the greater will be response. When the eigenvalues meet the condition λ 1 ≈ λ 2 ≈ λ 3 , in other words, the voxel is located in the nodules' center, the response of proposed nodule filter reaches its maximum. When the differences between eigenvalues are increasing, the response of the filter descends. Figure 4 (b) illustrates the result of nodule enhancement by proposed filter. Figure 4 (c) shows the result of nodule extraction after thresholding. It can be found that the proposed filter can detect more small-sized nodules than the conventional filters. Figure 4 (d) shows the result of enhance large-sized nodules, the selected scales were 4 and 5 pixels. Considering that the scales of most false positives are less than the large-sized nodules, the detected large nodules can be directly adopted in experiment. It is inevitable that there are numerous false positives in the result of extracting small nodules, for example, the vascular intersections whose condition of eigenvalues is similar with nodules. We designed a vessel filter to remove the false positives meanwhile preserve nodules as many as possible. Since the condition of eigenvalues in vessels' center is λ 3 ≈ λ 2 λ 1 ≈ 0 [11] , when local voxel locates in the center line of vessel, the response of proposed vessel filter should come to its maximum. The vessel filter is defined as: 
Classification
According to the Japanese Pneumoconiosis Law, the diagnosis of type 3-b is made by the size of nodular objects. And for the cases of type 1,2 and 3-a, the classification is performed based on the density level of small nodular objects. Therefore, we recognized the HRCT scans in two steps: 1.Classifying the cases of type 3-b and type non-3-b (type 1,2 and 3-a) from all images; 2.Classifying the cases of type 1,2 and 3-a.
Recognizing the cases of type 3-b is performed as follows. 1.Computation of nodule's diameter in three axis; 2.Selection of a threshold which has best performance on classifying cases of type 3-b and non-3-b in the training set; 3.Classification of cases in the test set by the threshold obtained in the step 2.
In the process of classifying cases of type 1,2 and 3-a, a bag-of-features-based method was adopted to generate input feature vectors for the classifier. The bag-of-features is a image representation model used for object recognition in computer vision [13] . It is reported that the bag-of-features is helpful to classify various pulmonary patterns [14] - [16] . Figure 5 illustrates the framework of bag-of-features-based method: 1.Calculating local features on small patches locating on nodules' center; 2.Concentrating all feature vectors into limited number of clusters for learning a code-book; 3.Applying frequencies of 'visual words' to represent the original images and generate a histogram as input vectors for classifier. In this study, the local features consists of three parts. One is the number of voxels belonging to nodules within the patches. Considering that it may be several parts of nodules rather than entire nodules presence in the patches, the number of voxels is better to represent the density of nodules in the local regions. The other two parts are features based on gray level co-occurrence matrix (GLCM) [17] and grey-level run lengths matrix (GLRLM) [18] . From Fig. 1 , it is clearly that the intensity of lung tissues is affected by the nodules. The more nodules exist, the greater extent the tissues changes. Therefore, the statistical texture features are adopted to discriminate various nodular patterns. Table 2  and Table 3 summarize the texture features based on GLCM and GLRLM respectively. The size of patches is the parameter for this local features extraction. We considers that the relatively large-sized patches are suitable to represent the information of nodular intensity. In practice, we tried the size from 15 × 15 × 15 to 40 × 40 × 40 with a interval of 5 voxels.
After extracting local features from HRCT scans, the features are concentrated to a group of clusters in a high di- Table 3 The features based on run-length matrix (GLRLM).
Short Run Emphasis Long Run Emphasis Low Gray-level Run Emphasis High Gray-level Run Emphasis Short Run Low Gray-level Run Emphasis Short Run High Gray-level Run Emphasis Long Run Low Gray-level Run Emphasis Long Run High Gray-level Run Maximum Emphasis
Gray-Level Non-uniformity Run Length Non-uniformity mensional feature space. We adopted K-means algorithm to calculate the clusters' centers in experiment. A code-book is obtained by these centers, and each center relates to a "visual word" in the code-book. When the code-book is obtained, the local features are labeled by the nearest visual word. For each case, a histogram is generated by this assignment which is used to indicate the frequency of visual words. Because the same type of cases gives similar histograms, these histograms can be adopted as input feature vector for the classifier. The number of clusters in the Kmeans is the parameter of the code-book construction. In practice the number of clusters was adjusted from 50 to 200 with a interval of 25. SVM was used as the classifier in experiment. We used a version named LIBSVM with RBF kernel [19] . The kernel is defined as:
where h and h are both the N-bin histogram. The classifier includes two parameters, the soft-margin penalty C and the parameter related to the RBF kernel γ. We optimized these parameters in the training stage. The SVM classifier is essentially a binary (two-class) classifier. At present, there are two widely-used methods to extend the SVM classifier to solve the multi-class tasks: one-against-one and one-against-all [20] . The LIBSVM implement the one-against-one method for multi-class tasks. If there are k numbers of categories, the classification is performed using a combination of binary SVM classifiers and a decision strategy as following: 1.Constructing k(k − 1)/2 SVM classifiers by samples of each pair of classes in the training stage. For example, if the pair of classes are the i-th class and the j-th class, the classifier is trained on data of the i-th class and j-th class; 2.Classifying the testing sample by the binary classifiers, and each classification is thought to be a voting. So k(k − 1)/2 votes can be obtained. For the pair of the i-th class and the j-th class, if the sample is recognized to the i-th class, the vote for the i-th class is increased by one. Otherwise, the vote for the the j-th class is added by one; 3. Counting the number of votes and assigning the test sample to the class which obtain the maximum number of votes.
Experiment & Discussion
Data
We obtained 175 HRCT scans of 112 different subjects from Kochi University. All scans were acquired by GE Lightspeed VCT when edge-enhanced filtering was not applied. The resolution of HRCT scans is 512×512. The slice thickness is 1 mm, and the in-plane resolution is about 0.625 mm. A tube voltage of 140 kV, a tube current of 250 mA are used. The scans were reviewed by experienced radiologists and divided into 4 types. The scans are separated into two complete independent sets by splitting each type of pneumoconiosis nearly in half. The number of scans of each type of pneumoconiosis for training and test data are summarized in Table 4 . There is no crossing-subject scan between the two sets. That is to say that the scans which belongs to the same subject is put into the training or test set. The training set is adopted to train the algorithms, and the test set is used to evaluate performance of our system.
Results
The proposed method includes six parameters: nodular threshold, vascular threshold, size of patch, number of clusters and two parameters related to SVM classifier. In the recognition of cases of type 3-b, the nodular threshold and vascular threshold are used and fixed to 0.01 and 0.99 respectively. In the classification of type 1,2 and 3-a, all parameters are simultaneously adjusted. We used leave-oneout test to optimize parameters in the training stage. The one combination of possible values of all parameters which produce the best classification accuracy is chosen as the optimized parameter, and used to evaluate the performance of method on the test data set. For the nodular threshold and vascular threshold, we tried the values from 0.35 to 0.55 and 0.6 to 0.8 respectively. The intervals of two thresholds were both 0.05. The range of path size was from 20×20×20 to 40×40×40 with a step of 5×5×5. On the choice of number of clusters, we tried the number from 50 to 200 with a in- Table 4 Number of scans for the four types of pneumoconiosis cases in the training and test set. There is no crossing-subject scans in the two sets. Test data  Type 1  23  23  Type 2  12  12  Type 3-a  17  14  Type 3-b  38  36  Total  90  85 terval of 25. We compared our method with two kinds of baseline method, Sato's [11] and Li's filter [12] . The paraments of the baseline methods and the tuning method of these paraments are same with our method. The comparison of overall accuracy between our methods and two kinds of baseline method are given in Table 5 . It can be seen that the proposed method has the best performance. The results of classification are 90.6% (77/85) by our filter, 80.0% (68/85) by Sato's and 76.5% (65/85) by Li's filter respectively. The confusion tables are summarized in Table 6 (our method), Table 7 (Sato's filter) and Table 8 (Li's filter) respectively. We also compared the statistical differences between the proposed method and two kinds of baseline method by McNemar's test. Since the McNemar's test is a widely-used method for assessing the statistical differences between the results of recognition method with matched pairs of subjects [21] , we adopted it to analyze the responses by our filter and baseline method. The p values are given in Table 9 . All of the p values are less than 0.05. 
Training data
Discussion
According to the [12] , the quality of nodule filter can be evaluated from the two aspects: sensitivity and specificity. The sensitivity means that the nodule filter should give a strong response to blob-like objects, and the specificity indicates that the nodule filter should not produce strong response to other objects, such as line-like objects. Because the conventional nodule filters have been developed to detect SPNs, they pay more attention to the question of improving discriminatory power (specificity) to distinguish nodules from other objects. But in the CAD schemes of pneumoconiosis which is featured by large numbers of nodular opacities, it is required to detect more nodules (sensitivity). The performance of these methods in detecting pneumoconiotic nodules is limited which affect the classification of pneumoconiosis. A novel filter with good sensitivity is required to detect pneumoconiotic nodules in the CAD system. To extract more pneumoconiotic nodules, we proposed a novel approach in the study. Because all eigenvalues are approximately equal in the nodules' center, we consider that the product of differences between (λ 1 , λ 2 ) and (λ 2 , λ 3 ) is better to indicate the shape of objects and position of voxel. Although the product is also adopted in the Sato's filter, it will be simplified and not used in the computation. To avoid this simplification, we adopted an monotonically increasing function to represent the difference between eigenvalues. Figure 6 (a) and Fig. 6 (b) compare the response of three filters. It can be found the decreasing of response of proposed filter is slower than the two baseline methods. Therefore more nodules can be extracted, as be shown in Fig. 6 (c) , Fig. 6 (d), Fig. 6 (e) . The experiment results demonstrate that the increasing extracted nodules is useful for the classification of pneumoconiosis.
Conclusion
In this research, we proposed a CAD method to classify pneumoconiosis on HRCT images. Since the diagnosis of pneumoconiosis is based on the frequency of nodules, it is difficult to classify pneumoconiosis if only few nodules are extracted. We aimed to firstly extract nodules as many as possible, and then eliminate false positives. Because largesized nodules are only present in cases of type 3-b, the classification of pneumoconiosis is performed in the following steps: 1.We extracted large-sized nodules; 2.The cases of type 3-b and non-3-b (type 1,2 and 3-a) were classified according to the size of nodules; 3.The small-sized nodules were extracted from the cases of type non-3-b; 4.We adopted a bag-of-features-based method to compute feature vectors on the patches locating the nodules'center and generate input vectors for an SVM classifier; 5.The cases of type 1,2 and 3-a were classified. The accuracy of classification by our method was 90.6%. Comparing with the baseline filters, our method has better performance on classifying pneumoconiosis. Experiment results showed that the proposed method would be helpful for classification of pneumoconiosis. In future research, we will try to classify pneumoconiosis according to the international classification of HRCT for occupational and environmental respiratory diseases (ICOERD) [22] .
